A common step in the processing of any text is the part-of-speech tagging of the input text. In this paper, we present an approach to tackle code-mixed text from three different languages Bengali, Hindi, and Tamilapart from English. Our system uses Conditional Random Field, a sequence learning method, which is useful to capture patterns of sequences containing code switching to tag each word with accurate part-of-speech information. We have used various pre-processing and post-processing modules to improve the performance of our system. The results were satisfactory, with a highest of 75.22% accuracy in Bengali-English mixed data. The methodology that we employed in the task can be used for any resource poor language. We adapted standard learning approaches that work well with scarce data. We have also ensured that the system is portable to different platforms and languages and can be deployed for real-time analysis.
Introduction
Part-of-Speech (POS) tagging a syntactic analysis usually done after language identification -is one of the key tasks in any language processing applications. It is the process of assigning the appropriate part of speech or lexical category to each word in a sentence. Apart from assigning grammatical categories to words in a text, POS tagging also helps in automatic analysis of any text.
To develop an accurate tagger, it is essential to develop various rules based on the language or large annotated corpus which could be used for discovering the rules and training the model. Accurate annotation of a corpus requires the expertise of linguists which is expensive and time consuming. Also it is not extendable from one language to another. Use of automatic machine learning approaches is inexpensive, fairly accurate and can be extended between languages.
The increasing popularity of social media platforms blogs, micro-posts (e.g. Twitter 1 ) and chats (Facebook 2 ) -has ensured availability of large amount of code-mixed data. But, texts obtained from various online platforms differ from traditional writings. These texts are predominantly unstructured. Also, many variations can be observed in terms of writing style and vocabulary. Such texts are mostly informal and have multiple languages in a single sentence, or even in a single word. This code-mixed nature of text, coupled with the fact that they are written using Roman script (instead of native script), makes it extremely challenging for linguists and data analysts to process such data. This has given a new dimension to the traditional problems of language identification and POS tagging.
In this paper, we address the problem of part-ofspeech tagging in mixed social media data. India is a land of many languages with Hindi and English recognized as the more popular ones. From the Indian perspective, it is generally observed that one of the languages used in social media conversations are either English or Hindi. In this work, all the three mixed scripts contain English as one of the lan-guages. The Indian languages present are Bengali, Hindi and Tamil.
To tag the words with their corresponding part-ofspeech tags, we have used Stanford part-of-speech tagger as our baseline and developed the final system using Conditional Random Field (CRF). We have obtained results for three language pairs, namely Hindi-English (Hi-En), Bengali-English (Bn-En) and Tamil-English (Ta-En) . In this paper, we concentrate on building our POS tagger system with minimal external resources. Both our models do not use any language resource in addition to the dataset. While the Stanford POS Tagger uses no additional resource, the CRF model uses only a list of smileys.
The rest of the paper is organized as follows. We present an account of the previous works done in the part-of-speech tagging in Section 2. In Section 3, we discuss the dataset. The system has been described in Section 4. The results and observations have been presented in Section 5 and the conclusion in Section 6.
Related Work
Part-of-Speech tagging has been a centre of many researches for the past few decades. Since it started in the middle sixties and early seventies (Greene and Rubin, 1971 ), a lot of new concepts have been introduced to improve the efficiency of the tagger and to construct the POS taggers for several languages.
Rule based POS tagger was introduced in the nineties (Karlsson et al., 1995) and gave better accuracy than its predecessors. One of the most successful rule based English tagger (Samuelsson and Voutilainen, 1997) had a recall of 99.5% with a precision of around 97%. The rule based taggers consists of complex but accurate constraints which makes them very efficient for disambiguation. Statistical model based tagger (DeRose, 1988; Cutting et al., 1992; Dermatas and Kokkinakis, 1995; Meteer et al., 1991; Merialdo, 1994) are widely used because of the simplicity and the independence of the language models. Most commonly used statistical models are bi-gram, tri-gram and Hidden Markov Model (HMM). The only problem with statistical models is that these kinds of taggers require a large annotated corpus. Machine learning algorithms are statistical in nature but the models are more complicated than simple n-gram. Models for acquiring disambiguation rules and transformation rules from the dataset were constructed in late 80's and early 90's (Hindle, 1989; Brill, 1992; Brill, 1995a; Brill, 1995b) . Neural networks have also been used for POS tagging (Nakamura et al., 1990; Schütze, 1993; Ma and Isahara, 1998; Eineborg and Gambäck, 1994) . POS taggers were also developed using Support Vector Machine (SVM) (Nakagawa et al., 2001 ). These taggers were more simple and efficient than the previous taggers. The successor of this tagger was developed by Giménez and Marquez (2004) and the approach they used for POS tagging was considerably faster than its predecessor. A more recent development was the use of Conditional Random Field (CRF) for POS tagging (Sha and Pereira, 2003; Lafferty et al., 2001; Shrivastav et al., 2006) . These taggers are better for disambiguation as they find global maximum likelihood estimation.
POS Taggers for Indian Languages
Recently, a large number of researchers are trying to expand the scope of automatic POS taggers so that they can work on complex non European languages. India is a country with rich linguistics so POS taggers for Indian languages are one of the most explored topics. The first effort was to develop a Hindi POS tagger dated back in the nineties (Bharati et al., 1995) . This tagger was based on a morphological analyzer. The analyzer would provide the root word with its morphological features and generalized POS category. Shrivastav et al. (2006) slightly modified this approach by using a decision tree based classifier and achieved an accuracy of 93.45%. Instead of using a full morphological analyzer Shrivastava and Bhattacharyya (2008) used a stemmer to generate suffixes which was in turn used to generate POS tags. Conditional Random Field was also used along with morphological analyzer in a couple of works (Agarwal and Mani, 2006; PVS and Karthik, 2007) .
One of the earliest works on Bengali POS tagger was conducted by Seddiqui et al. (2003) and Chowdhury et al. (2004) . (Chowdhury et al., 2004) implemented a rule based tagger which hand written rules formulated by expert linguists. In more recent work, Hasan et al. (2007) developed a supervised POS tagger. This method was less effective due to lack of tagged training corpus. In later years, we have seen many works on Bengali POS tagger. One of the most successful taggers was developed by using HMM and Maximum Entropy models (Dandapat and Sarkar, 2006; Dandapat, 2007) . They also used a morphological analyzer to compensate for the lack of annotated training corpus. These two models were used to implement a supervised tagger and a semi-supervised tagger. The accuracy achieved was around 88% for both models. Ekbal et al. (2007) carried out further research on the tagger. They annotated a news corpus and created two taggers -one SVM based tagger and another CRF based taggerwhich reported an accuracy of 86.84% and 90.3% respectively.
In Tamil, Selvam and Natarajan (2009) proposed a rule based morphological analyzer to annotate the corpora and used it to train the POS tagger. They used the Tamil version of Bible for the tagged corpus and achieved an accuracy of 85.56%. Dhanalakshmi et al. (2009) developed a SVM based tagger using linear programming and a new tagset for Tamil with 32 tags. They used this tagset for building a training corpus and reported an accuracy of 95.63%. Another SVM based POS tagger (Dhanalakshmi et al., 2008) was proposed by them in a different work. They extracted linguistic information using machine learning techniques which was then used to train the tagger. This tagger achieved an accuracy of 95.64%.
Even after decades of research on monolingual POS taggers for Indian languages(mostly Hindi), there are just a few taggers with accuracy over 90%. A new challenge has developed over the past few years in the form of code mixed social media text. This field of research is at a nascent stage. The basic challenges and complexities of social media text are spelling variations and word sense disambiguation. As traditional POS taggers were not efficient for social media text, new taggers targeting social media text were constructed. However, these taggers are mostly monolingual and not suitable for code-mixed text. The first was developed by Gimpel et al. (2011) for tagging English tweets. They developed a new POS tagset and tagged 1827 tweets for training corpus for a CRF tagger with arbitrary local features in log-linear model adaptation. Owoputi et al. (2013) improved the original Twitter POS tagger as they introduced lexical and unsupervised word clustering features. This increased the accuracy from 90% to 93%.
One of the first POS taggers for code-mixed text was developed by Solorio and Liu (2008) . They constructed a POS tagger of English-Spanish text by using existing monolingual POS taggers for both the languages. They combined the POS tag information using heuristic procedures and achieved the maximum accuracy of 93.4%. However, this work was not on social media text and hence the difficulties were considerably less. Gella et al. (2013) developed a system to identify word level language and then chunk the individual languages and produce POS tags or every individual chunk. They used a CRF based Hindi POS tagger for Hindi and Twitter POS tagger for English and achieved maximum accuracy of 79%. Vyas et al. (2014) 
Dataset
A recent shared task was conducted by Twelfth International Conference on Natural Language Processing (ICON-2015) 3 , for part-of-speech tagging of transliterated social media text. Organizers released the code mixed train and test set for EnglishHindi, English-Bengali and English-Tamil language pairs.
In Table 1 , we provide a summary of the dataset in terms of the utterances. The number of utterances have been recorded for both the training and test data. In Table 2 , we present a statistics of the number of sentences for each pair of languages in training as well as test data. 
System Description
We have followed a supervised approach in this work. We have extracted various features that are pertinent to this task. The various steps involved in POS tagging are listed as follows: 
Chunking
Each of the three given corpora (Hindi-English, Bengali-English and Tamil-English) contains English as one of the dominant languages. The other dominant language is Bengali, Hindi and Tamil in each of the three texts. The various language tags used in the training data are en (English), hi (Hindi), bn (Bengali), ta (Tamil), ne (Named entities), acro (Acronyms), univ (Universal) and undef (Undefined). For each input file, we have performed chunking on the raw text to segment the words belonging to different language tag. We haves used the language ids to perform chunking. For each of the language tags, we have created a wordlist belonging to that particular language tag. We also maintain a 
Lexicons for Dominant Languages
English, Bengali, Hindi and Tamil were identified as the dominant languages. For each of these four languages, we have created a list of words which belong to any particular POS tag. These lists were constructed from the respective training files. We maintain lists for nouns, verbs and other parts-ofspeech for each language. These lists are essential for extracting feature for training our CRF model.
POS Tagging
We have used two different approaches for POS Tagging of the test data. Both the models use training data for learning and model construction.
POS Tagging Using Stanford POS Tagger
For our baseline, we trained our system using Stanford POS Tagger (Toutanova et al., 2003) . Using the training data, we trained the Stanford POS Tagger initially. The architecture (arch property of the tagger) that we used for training was: words(-1,1), unicodeshapes(-1,1), order(2), suffix(4). Four individual models were generated for English, Bengali, Hindi and Tamil. The test data was tagged using these generated models.
POS Tagging Using CRF++
In this work, Conditional Random Field (CRF) has been used to build the framework for wordlevel language identification classifier. We have used CRF++ toolkit 4 which is a simple, customizable, and open source implementation of CRF.
The following features were used to train the CRF model:
• Length Of The Current Word
The length of the current word has been used as one of the features. It is often noted that words belonging to a specific language and part-ofspeech are often longer than others (Singh et al., 2008) . We have used this feature to exploit word length in determining the part-of-speech of the word.
• Current Word For example, if the sentence is I have been told of the place, then each word is analyzed at a time. If the word currently being examined for part-of-speech tagging is been, then the word been is considered as one of the features.
• Previous Two Words For example, if the sentence is I have been told of the place and current word is been, then the previous two words are I and have.
• Next Two Words Using the previous example, if the sentence is I have been told of the place and the current word is been, then the next two words are told and of.
• Suffix This feature considers of the suffix of every word. If length of a word is more than 3 then suffix of length 3 and 2 are taken. e.g.: een and en are the suffixes for been.
• Prefix This feature considers of the prefix of every word. If length of a word more than 3 then prefix of length 3 and 2 are taken. e.g.: bee and be are the suffixes for been.
• If Word Contains Any Symbol 4 https://taku910.github.io/crfpp/\# download This feature is boolean in nature and represents if the current word contains any symbol. Presence of symbol in a word gives a possible hint about the part-of-speech of the word.
• If Word Contains Any Digit Similar to the previous feature, this boolean feature represents if the current word contains any digit. Presence of digit in a word gives a possible hint about the part-of-speech of the word. e.g.: kheye6ilam, ki6u, ka6e, 6ghanta
• Is Noun This feature represents if the current word is a noun. During the training phase, we build up a list of nouns for every language. This list is used during test phase to evaluate this feature. e.g.: match, love, khushi, kaam, meye
• Is Adjective
This feature represents if the current word is an adjective. During the training phase, we build up a list of adjectives for every language. This list is used during test phase to evaluate this feature. e.g.: ekta, beshi, good, nice
• Is Verb
This feature represents if the current word is a verb. During the training phase, we build up a list of verbs for every language. This list is used during test phase to evaluate this feature. e.g.: hoy, lage, be, will
• Is Pronoun
This feature represents if the current word is a pronoun. During the training phase, we build up a list of pronouns for every language. This list is used during test phase to evaluate this feature. e.g.: tomar, tumi, you, I
• Is Conjunction This feature represents if the current word is a conjunction. During the training phase, we build up a list of conjunctions for every language. This list is used during test phase to evaluate this feature. e.g.: kintu, and, to, but During the training phase, we train the CRF model using all the above features. Four language models are built, corresponding to the four dominant languages English, Bengali, Hindi and Tamil. In the test phase, we use the generated models to tag the words with their appropriate part-of-speech tags.
Post-processing
All the words belonging to the four dominant languages were tagged by the CRF model. The acronyms, named entities and the universal words were tagged by consulting the lists built during training. All the words which could not be tagged by our model were subjected to a post-processing module. For every language tag (acro, univ, ne), we found out the most frequent part-of-speech tag. Also, we used some logical reasoning to tag the words which were not tagged by our tagger models. For example, any untagged word which contains www, http or .com in it is allotted the U tag. Similarly, we use a smiley list to tag the smileys as E. Punctuations and hashtags were tagged likewise. Finally, we combine all the words (which were chunked in initially) to obtain the output files.
Results and Observations
We evaluated the POS-tagging done by our baseline model (Stanford Parser) and the CRF model. The results are presented in Table 3 The results of Tamil-English are less than that of Bengali-English and Hindi-English. The primary reason for lower accuracy is the variation in tag used in gold standard files of Tamil-English.
Conclusion
In this paper, we have addressed the POS tagging of mixed script social media text. The texts contained two or three languages, with English being one of the three languages. The other languages were Hindi, Bengali and Tamil. We have trained Stanford POS Tagger to build a baseline model. Our final model used Conditional Random Field for part-of-speech tagging. Our results are encouraging and the performance deterioration of Tamil-English mixed text can be attributed to the mismatch of POStags.
Currently, there is a lack of quality training data. In the absence of sufficient training data, performance deteriorates using neural network based models or deep learning methods. In future, we would love to explore the effectiveness of Deep learning based features. Word2vec models can also be used to find out words which are semantically similar. We would also like to use of ensemble learning by using various models and combining their results to arrive at the final result. A step in that direction would be to collect more mixed script data from social media and building gold standards using that data. Building an efficient normalization system and disambiguating between similar tags should also improve the accuracy of the system.
